Topic structure analysis plays a pivotal role in dialogue understanding. We propose a reinforcement learning (RL) method for topic segmentation and labeling in goal-oriented dialogues, which aims to detect topic boundaries among dialogue utterances and assign topic labels to the utterances. We address three common issues in the goal-oriented customer service dialogues: informality, local topic continuity, and global topic structure. We explore the task in a weakly supervised setting and formulate it as a sequential decision problem. The proposed method consists of a state representation network to address the informality issue, and a policy network with rewards to model local topic continuity and global topic structure. To train the two networks and offer a warm-start to the policy, we firstly use some keywords to annotate the data automatically. We then pre-train the networks on noisy data. Henceforth, the method continues to refine the data labels using the current policy to learn better state representations on the refined data for obtaining a better policy. Results demonstrate that this weakly supervised method obtains substantial improvements over state-of-the-art baselines.
Introduction
Analyzing topic structures [Arguello and Rosé, 2006; Du et al., 2017] or discourse relations [Afantenos et al., 2015; Qin et al., 2017] of goal-oriented dialogues such as negotiations and customer service conversations, is important for dialogue understanding [Williams et al., 2017] , dialogue generation , and dialogue summarization [Bokaei et al., 2016] . In this paper, we focus on analyzing topic structures in goal-oriented dialogues, aiming to detect topic Table 1 : An example of customer service dialogues, translated from Chinese. Utterances in the same color are of the same topic.
boundaries among utterances and assign topic labels to dialogue utterances 1 . Different from other generic text, goal-oriented dialogues have the following three distinctive features. 1) informality : a user may post fragmented, incomplete sentences with typos, colloquialisms, or informal terms, particularly in customer service dialogues (see Table 1 ). 2) local topic continuity: it usually takes several turns to discuss one topic and it maintains the same topic until the current problem has been resolved. 3) global topic structure: a dialogue session has clear boundaries, few cross-transitions between topic segments, but high cohesion within one segment.
However, existing methods cannot fully address the aforementioned issues. Many methods capture local topic continuity by employing local lexical cohesion based on word or phrase similarity [Purver et al., 2006; Eisenstein and Barzilay, 2008] . They do not consider the sentence-level dependencies and are unable to appropriately summarize the context. Moreover, they are weak to make coherent local topic assignment, and generally produce fragmented seg-ments. Other studies attempted to capture the discourse dependencies between adjacent utterances [Du et al., 2017; Zhai and Williams, 2014] , but less attention has been paid to modeling global topic structure in a dialogue session. Fully supervised methods [Arguello and Rosé, 2006] , by contrast, are too expensive for manual annotation, thereby not scalable to large datasets.
In this paper, we propose a policy gradient reinforcement learning method to address the three issues. Topic segmentation and labeling can be seen as a sequential decision problem, where we assign topics sequentially to utterances, and previous decisions can affect current and following decisions. An intermediate reward is defined to encourage local topic continuity to enforce the coherence of local topic assignment from the labeling perspective. When all sequential decisions are made, the global topic structure of one session is measured by a delayed reward that favors larger utterance similarity within a segment and lower similarity between segments. To address the informality issue, we use a hierarchical LSTM (HLSTM) for state representation to capture word-level and sentence-level dependencies. HLSTM can better summarize all historical information instead of just using word/phrase similarity. It thus has the ability of context understanding to not only deal with informality but also address local topic continuity from the content perspective.
Our method consists of a state presentation network and a policy network. As can be imagined, state representations are extremely important to our method, however, without labeled data, it is challenging to learn a good representation of text. Another challenge for the policy network is its inability of topic labeling with the designed rewards alone. In order to train state representations and also provide a warmstart for the policy to identify topics, labeled data are indispensable. Unfortunately, it is too costly to manually annotate the large-scale data in our task. Although some unsupervised methods can assign latent topics [Blei, 2012] , however, such topics are indirect and lack direct interpretability for the task. Therefore, we resort to noisy labeling, using a set of handcrafted keywords to label the dialogues automatically. After pre-training with the noisy data, the method continues to refine the data labels using the current policy, and then to learn better state representations on the refined data for obtaining a better policy. To summarize, our contributions are as follows:
• We propose a weakly supervised method for analyzing topic structures of goal-oriented dialogues. To avoid heavy manual annotation, we use prior knowledge to perform noisy labeling for pre-training the networks. The method iterates between refining noisy data labels and finding better state representations and policies. Thus, it is scalable to large unlabeled datasets and the idea may inspire other real-world applications.
• Our method is able to capture local topic continuity by an intermediate reward, measure global topic structure by a delayed reward, and represent dialogue content and context by a hierarchical LSTM. It generates not only locally coherent but also globally well-structured topic segments. Experimental results demonstrate substantial improvements over the baselines.
Related Work
Early models for topic segmentation assumed that a high lexical cohesion is expected within a topic segment [Hearst, 1997] . However, most of those models put much emphasis on the lexical structures of a dialogue [Webber et al., 2012] . Such superficial signals like words or phrases do not consider sentence-level dependencies, leading to a fragmented segmentation. Other studies aimed to discover latent discourse structure by modeling message-response pairs [Du et al., 2017] [Mei et al., 2007] can be chosen as topic label. Most researchers formulated the task as a multi-label classification problem that each utterance is associated with a subset of all the topics, and multiple topic labels may be chosen for an utterance [Ramage et al., 2009; Soleimani and Miller, 2016] . In this paper, we treat topic labeling as a topic classification problem where each utterance is assigned with a topic in a given set.
There are a few challenges for topic segmentation and labeling in goal-oriented dialogues. First, participants are discussing about very specific issues whose topics are restricted in certain domains, but existing unsupervised methods have very limited abilities to learn domain-specific knowledge from the dataset [Joty et al., 2013] . Second, dialogue messages are ungrammatical and informal, where parsing tools are not applicable [Du et al., 2017] . To address these two problems, we cast topic segmentation and labeling in dialogues as a RL problem and design rewards to model local topic continuity and global topic structure.
Methodology
Our task is to segment a dialogue session and label each segment with a topic. More formally, given a sequence of dialogue utterances X = x 1 , x 2 , · · · , x T where each x i is an utterance, and a topic set C as {c 1 , c 2 , · · · , c K }, the task is to assign each x i with a topic c j . We treat the task as a topic classification problem in which topics have been specified in advance.
2 Note that we do not consider speaker turns, since utterances from a customer or an agent are in the same topic space. Our model, as illustrated in Figure 1 , consists of a state representation network (SRN) and a Policy Network (PN). We use a set of keywords (as prior knowledge) to perform noisy labeling on the dialogues, and pre-train SRN and PN on the noisy data. SRN is a hierarchical LSTM (HLSTM) consisting of a word-level LSTM and a sentence-level LSTM, which fully captures word-level and sentence-level context dependencies. Since noisy labeling may not assign correct labels to the context-dependent utterances, PN will refine topic labeling by optimizing the cumulative rewards that model local topic continuity and global topic structure. The refined data are used to train SRN again to provide better state representations and then obtain better policies for PN. The process iterates until it converges.
Noisy Labeling with Prior Knowledge
Prior knowledge in this paper is defined as a set of keywords for each topic and is used to label the dialogues automatically. The noisy data is used to pre-train state representations and also to provide a warm-start for the policy network. These keywords are manually selected from a ranking list of words. Compared to manual annotation, such prior knowledge can be obtained more easily.
The annotation process works as follows: First, we use the strategy of keyword matching (KM). If an utterance contains the keywords of a topic, the utterance will be assigned with the topic accordingly. Formally, for an utterance x, its topic label l(x) is decided by
where k ij denotes the i-th keyword for topic j, and tf (k, x) counts the frequency of keyword k in x. Second, we adopt the nearest neighbouring (1-NN) strategy if there is no keyword occurring in an utterance. We compute the inner product of the topic vector and the utterance vector, and choose the most similar topic. The topic vector and utterance vector are both the average of word vectors.
State Representation Network (SRN)
We adopt a hierarchical LSTM (HLSTM) [Chung et al., 2017] to offer state representations to the policy network (PN). A word level bidirectional LSTM connects words in an utterance forward and backward, and the utterance representation is fed into the sentence-level LSTM which sequentially connects utterances in a dialogue session. More formally, given a sequence of utterances X = x 1 , x 2 , · · · , x L , the sentencelevel LSTM obtains the hidden states H = {h 1 , h 2 , · · · , h L } from which state representations will be computed for PN. Such a HLSTM can capture word-level and sentence-level dependencies. For instance, an informal word can be better summarized by its contexts.
SRN is pre-trained using the noisy data. We adopt cross entropy to train SRN where supervision is imposed on the topic prediction (y t−1 and y t in Figure 1 ) based on the hidden states of the sentence-level LSTM, i.e., h t−1 and h t . SRN will be fine-tuned during the joint training of SRN and PN.
Policy Network (PN)
The policy network adopts a stochastic policy which is a probability distribution over actions given a state, π Θ (a t |S t ). State representation is composed of the output of SRN and the latest topic segment. The action corresponds to assigning a topic label to an utterance in a dialogue session. We design an intermediate reward to capture local topic continuity since the topics in a session usually last for several turns, and a long-term delayed reward to capture the global clustering property of topic segments: the intra-segment similarity is large while the inter-segment similarity is small.
Action
The action space is the same as the topic space, i.e., A = {c 1 , c 2 , · · · , c K }. Thus, at each state, the action is to assign a topic label to the current utterance. A topic boundary can be immediately identified when the topics of two adjacent utterances are different.
State
The state S t represents the current state after the actions a 1 , a 2 , ..., a t−1 are sampled for the previous utterances in a dialogue session. The state can be formally represented by
where v(a) denotes the vector of topic label a, a learnable parameter of PN, and ω k is the vector representation of the latest segment ω k , defined as ω = 1 |ω| x∈ω h x .
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Policy A stochastic policy π Θ is adopted to sample a topic label for the current utterance at the current state S t . The policy function is defined by a softmax function, which is a probability distribution over all topic labels in C (A = C). As the probability of each topic differs from one to another, the policy tends to choose the topic with a larger probability even though other choices may derive the same reward. We thus extend the softmax function with a β − smoothed version, which has been reported to be effective in recent research [Guu et al., 2017] .
where z = W · S t is the input to the softmax function. Obviously, a very large β leads to the effect of argmax while smaller values produce more smoothed distributions.
Reward
We design two rewards: one is an intermediate reward to capture the local continuity of topics in dialogues since one topic usually lasts for several turns and it will not change too frequently; the other is a long-term delayed reward that models the global clustering property of topic segments: the content similarity between segments should be small while the similarity within a segment should be large. The intermediate reward encourages the continuity of local topics during interactions. Formally
where sign(c) is 1 if the condition c is true and -1 otherwise, and cos(·) is the cosine similarity between two vectors. This reward addresses not only local topic continuity from the labeling perspective, but also the content similarity between adjacent utterances from the content perspective, where the content (h t−1 , h t ) is represented by SRN. The long-term delayed reward can be obtained when all utterances in a session are assigned with topic labels. To obtain a good global topic structure, the reward encourages higher similarity between utterances within the same segment and lower similarity between adjacent segments, as below:
where N is the number of segments predicted by the policy in a dialogue session X, ω is a topic segment in X, and ω is its vector representation. Note that topic segments can be obtained only when the topics of all utterances are sampled by PN, therefore, we call the reward delayed.
Training
We use policy gradient methods [Sutton et al., 2000] with the REINFORCE algorithm [Williams, 1992] for optimization, aiming to maximize the expected total reward for a dialogue session. Denote τ as a sequence Compute delayed reward RL; 9 Θ ← Θ + α∇J(Θ) using Eq.(4); 10 end generated from the policy, and T as the set of all possible sequences. The expected reward for a dialogue session X = x 1 , x 2 , · · · , x L can be computed as follows:
where R L = ( L t=1 r int ) + r delayed is the expected cumulative reward for a dialogue session. Then, the gradient is estimated using the likelihood ratio trick:
(4) The baseline b(τ ) [Williams, 1992] in Eq.4 is used to reduce the variance of the estimate without altering its expectation theoretically. In practical use, we will sample some sequences τ 1 , τ 2 · · · τ k for X with the current RL policy. The model will assign a score to each sequence according to the designed reward function, and then estimates b(τ ) as the average of those rewards. So the coefficient R L − b(τ ) will be positive if the reward of sampled sequence τ is larger than b(τ ), to encourage a good exploration sampled by RL policy, otherwise negative.
The training details of PN is summarized in Algorithm 1.
Overall Procedure
The overall procedure is shown in Algorithm 2. First of all, the training and validation dialogues are labeled by prior Step 3-6 until the relative change ratio (RCR, see the section of Convergence Analysis) between V and V at Step 3 is less than 0.5%; knowledge (a set of keywords). SRN and PR are then pretrained on the noisy data to provide a warm-start. The algorithm then begins the iterative procedure: apply the current policy to refine data labels by considering local topic continuity and global topic structure, train SRN on the refined data to obtain better state representations, and then train PN to obtain better policies. Since better policies can further refine noisy data labels, the algorithm runs in a positive loop until it converges.
Experiment

Datasets
Due to the lack of benchmark dialogue datasets of topic segmentation and labeling, we collected customer service dialogues from a large E-commerce website. The dialogues came from two domains: SmartPhone and Clothing. These dialogues recorded the interactions between the customers and the merchant agents on products inquiry, delivery services, and other related information. Table 2 details the corpus. An utterance refers to the text from a customer or an agent, which may contain incomplete or multiple sentences. The training data are unlabeled while the test data are annotated manually. We randomly chose 300 sessions from the training dataset for validation. The topics and some sample keywords for each topic in the SmartPhone domain are shown in Table 3 . These keywords of all topic categories are manually selected based on frequency and with some heuristics. Similar processes are conducted on the Clothing dataset.
Experiment Settings
The parameters of SRN are set as follows: the dimension of the hidden states and word vectors is both 100, and the learning rate is 1e-4. In PN, we performed a grid search for hyper-parameters to maximize the total reward R V = X∈V J(X; Θ) on the validation set V . These hyperparameters include: the dimension of the topic vectors = 100, the learning rate α = 1e-5 and β = 0.5 in the smoothed softmax.
Evaluation Metrics
Our method is evaluated on two tasks: topic segmentation and topic labeling. We adopted the below metrics: (1) Mean absolute error (MAE) and WindowDiff (WD) for topic segmentation; (2) and classification accuracy for topic labeling.
As for MAE, we compared the number of predicted segments in each dialogue session with the gold standard segmentation on the test set T , formally defined as M AE = WindowDiff (WD) for topic segmentation is adopted from [Pevzner and Hearst, 2002] . WD moves a sliding window of fixed size w over a dialogue session to compare the result predicted by the model with the reference result. 0 ≤ W D ≤ 1 with a perfect segmenter scoring 0. As a suggested setting, the window size w is set to 3/4, almost half of the average segment length of 5.02/7.67 utterances per session in the SmartPhone/Clothing domain, respectively. 
Main Results
Topic Segmentation
We compared our method with the following baselines: STM [Du et al., 2013] : A Structured Topic Model, assuming that any utterance in the same segment is generated from the same segment-level topic distribution.
NL+HLSTM: The topic label of each utterance is obtained by this supervised model and then topic segments are obtained by merging adjacent utterances of the same topic. The model is trained on the noisy data.
Results are presented in Table 4 (a). Lower MAE and WD scores indicate a better agreement with the gold standards. Our method outperforms other models in terms of MAE and WD on both domains. TextTiling and NL+HLSTM tend to make smaller segments compared to other baselines. TopicTiling has good performance on topic segmentation since it tries to find fine-grained subtopical changes using LDA. Embedding enhanced TextTiling works much better since word embedding can well capture the semantic similarity. STM uses a hierarchical Bayesian model by representing utterances with topic distributions. However, no baseline considers global topic structure as our method does.
Topic Labeling
We compared the following baselines for this task:
Twitter-LDA [Zhao et al., 2011] : We regard a dialogue session as a text document in LDA, and each utterance is assigned with a topic label using Twitter-LDA. The mapping between a latent topic and a topic label of the task is manually built.
TopicTiling [Riedl and Biemann, 2012] : We use topic ID assigned by TopicTiling to label the sentences, and also set up a mapping from a topic ID to a topic label.
Keyword Matching: Topic label is assigned by keyword matching, see Eq. 1.
NL: Topic label of an utterance is given by noisy labeling with the prior knowledge using both keyword matching and nearest neighboring, see Section 3.1.
NL+HLSTM: The same as that in topic segmentation. Prediction for each utterance depends on the preceding utterances of the same session.
Results in Table 4 (b) show that: 1) Our method outperforms other models substantially indicating that optimizing local and global topic structures can benefit the task greatly; 2) Because the generated latent topics are implicit and indirect, unsupervised methods (Twitter-LDA, TopicTiling) obtain an accuracy lower than 30% on the two datasets. On the contrary, Keyword Matching is more straightforward and simple, and can provide a better result; 3) NL+HLSTM performs slightly better than NL as expected. Training a supervised model on noisy data does not lead to better results compared to the noisy labeling since noisy label is the upper bound, indicating that it has a limited ability for context understanding if without the ability to correct noisy labels.
Extended Evaluation
In the following sections, we evaluated the robustness of our method, the influence of different rewards, and the convergence analysis on the SmartPhone domain.
Robustness to Prior Knowledge
The noisy data labeled by prior knowledge provides a warmstart to state representation and policy learning. To verify whether our method can obtain robust improvements over the baselines, we varied the number of keywords in each topic for noisy labeling. The keywords are ranked by their frequencies in the corpus in descending order. As shown in Table 5 (a), our method can improve the results robustly and substantially even if the number of keywords in prior knowledge is varied. Few keywords (3) may not provide sufficiently good warm-start for our method, but it still has remarkable improvement against the baselines (55.3% vs. 46.6%). Too many keywords (9) degrade the performance remarkably since the discriminative ability between topics decreases, however, our method still has much better results than the baselines (58.2% vs. 48.8%). In all the cases, our method can improve the baselines by absolute values of 10∼12%.
Ability of Context Understanding
To verify the ability of context understanding of our method, we split all the test utterances to two sets: the first subset whose labels can be assigned by keyword matching (KM), and the second subset which contains no keyword and is labeled by the nearest neighbor strategy (1-NN, see Section 3.1). In general, labeling the second subset correctly requires understanding the context, which is harder for the models. The two sets have no intersection.
Results in Table 5 (b) show that: 1) Most utterances (about 68%) do not contain topical keywords. Given that informal language is commonly used through dialogues, the second subset is much more difficult than the first one for this task.
2) Since our method has the ability to correct noisy labels and to represent dialogue content and context by considering all historical information, it outperforms NL and NL+HLSTM substantially on the second subset, and it can even improve the accuracy on the first set. Thus, our method can better understand the context.
Influence of the Rewards
We justified the influence of the intermediate reward and delayed reward on the performance. Table 5 (c) demonstrates that our method achieves the best performance when optimizing the intermediate and delayed rewards simultaneously. When removing the delayed reward, labeling accuracy drops substantially, indicating that global topic structure is a key factor in this task. When removing the intermediate reward, labeling accuracy also drops remarkably, indicating that local topic continuity also matters. Similarly, the model leads to suboptimal performance on topic segmentation when ablating either reward. As it can be observed, the intermediate reward is more influential on segmentation than the delayed reward, because local topic continuity is a more straightforward factor which manipulates segmentation from the labeling perspective.
Convergence Analysis
The learning curves (loss and reward) in Figure 2 show that our model converges after 14 iterations. The testing accuracy reaches a stable value (62.2%) after the model converges.
In order to verify how the noisy data are changed by the RL module, we proposed relative change ratio (RCR) to quantify the changes of labels between the dataset A (before RL) and A (after refined by RL) (see Algorithm 2). Define the set ∆(A; A ) = {x|y = y , (x, y) ∈ A ∧ (x, y ) ∈ A } where y is the label of utterance x, and RCR is then calculated as RCR(A) = |∆(A;A )| |A|
. RCR measures the percentage of utterances with labels changed before and after the RL process. Figure 2 indicates that the RCR(V ) of both the training and validation data converges to a very small percentage (<0.5%) after 14 iterations. Meanwhile the accuracy on the test set is gradually improved. This clearly shows that RL continuously improves the result thanks to the rewards modeling the local and global properties of topic structures.
Topic Structure Visualization
To provide more insights, we visualized the segment results for a session example from noisy labeling, RL, and the gold annotation, respectively. Each bar indicates a topic boundary between utterances in a session. Red bar indicates the result from human annotation, and blue bar from noisy labeling or our RL method. As can be seen in Figure 3 , noisy labeling tends to produce more fragmented segments, while RL can provide much more coherent segmentation.
Conclusion
We present a weakly supervised method for topic segmentation and labeling in goal-oriented dialogues. Our central logic works as follows: noisy labeling provides a warm-start to state representation training and policy learning, data refinement can be obtained by optimizing the rewards which capture both local topic continuity and global topic structure, and better data can be used to train better state representations and policies. This positive loop can be run iteratively until the model converges. This methodology can be generalized to other tasks. Through correcting noisy labels of automatically annotated data, a weakly supervised method can improve the performance substantially, if some task/domain/prior expertise can be well captured by the reward function. Extensive experiments show that the method has a strong ability of segmentation, labeling, and context understanding.
Such a method, firstly noisy labeling and then refining with RL, may inspire other tasks to obtain superior performance in weakly supervised settings.
